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Abstract

A QSAR study was developed in order to model the antioxidant activity, specifically the
radical scavenger activity (RSA), of 26 di(hetero)arylamines derivatives of
benzo[b]thiophenes. The QSAR model was constructed, using the partial least squares
projection of latent structures (PLS) method, and its robustness and predictability was
verified by internal and external cross-validation methods. A total of 4 molecular
descriptors, belonging to RDF (Radial Distribution Function) descriptors (RDF020e and
RDF045¢) and 2D-autocorrelation descriptors (GATS8p and MATS5e) were selected to
build the QSAR model. RDF descriptors seem to relate the presence of electronegative
atoms at the inner atmosphere of the compounds to increased RSA. 2D-autocorrelation
descriptors associate the presence of polarizable and electronegative pairs of atoms, at
specific topological distance, with the RSA of the compounds. Finally this QSAR
model proved to be a useful tool in the prediction of radical scavenger activity of
congeneric compounds and will be used to guide the synthesis of new diarylamines in

our laboratory.

Keywords: Benzo[b]thiophenes; Di(hetero)arylamines; Antioxidants; QSAR; PLS
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1. Introduction

Free radicals play important roles in many physiological and pathological conditions
[1]. In general, excess of free radicals caused by the imbalance between free radical
generation and scavenging may contribute to disease development [2]. Free radical can
damage membranes, proteins, enzymes and DNA [3], increasing the risk of diseases
such as cancer, Alzheimer’s, Parkinson’s [4], angiocardiopathy [5], arthritis, asthma,
diabetes, and degenerative eye disease [2]. Cells are equipped with several defence
systems against free radical damage, including oxidative enzymes such as superoxide
dismutase, catalase, glutathione peroxidase and glutathione reductase, or chemical
compounds such as a-tocopherol, ascorbic acid, carotenoids, polyphenol compounds
and glutathione [2, 6]. Considering that preventable diseases make up approximately 70
% of the burden of diseases and its associated costs, it is easy to understand the great
importance of the knowledge about free radicals production and control [7]. This control
can be achieved through an input of antioxidants and free radicals scavengers. Synthetic
products with antioxidant activity may help the endogenous defence system and
therefore, it is important to obtain effective free radicals scavengers for the treatment
and prevention of several disorders [8, 9].

The antioxidant properties of diarylamines have recently been reported [10].
Particularly, some structure-activity relationship (SAR) studies have been made on the
antioxidant activity of diaryl and di-heteroarylamines derivatives of benzo[b]thiophenes
[11, 12]. According to these SAR studies, the antioxidant activity of
di(hetero)arylamines derivatives of benzo[b]thiophenes was related to the position of
arylamination and the number and position of substitution groups on both benzene or

thiophene rings [11, 12]. Nevertheless, none of those reports were in fact quantitative.
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Quantitative structure-activity relationships (QSAR) analysis have often been used to
find correlations between biological activities and molecular descriptors of different
classes of compounds [9]. A number of QSAR studies on the antioxidant activity of
several classes of compounds have also been reported substantiating the applicability on
this type of studies [13-15]. The QSAR model was obtained using the PLS (partial least
squares projection of latent structures) statistical method [16]. This approach is one of
most useful techniques for molecular modeling in drug design and it has been
successfully applied to several QSAR studies [13-15, 17]. Recently, many software
tools were developed to calculate thousands of different molecular descriptors, which
can be applied in QSAR studies, including the DRAGON software used in this study
[18].

In the present study the main goal was to build a QSAR model for description and
prediction of radical scavenging activity of di(heteroaryl)amines in the
benzo[b]thiophene series, using the PLS method. The molecular descriptors used in the
QSAR equation were examined to search for clues on the free radical scavenging
activity mechanism. This QSAR model will guide the synthesis of potential new

diarylamines derivatives of benzo[b]thiophene as radical scavengers.
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2. Results and discussion

To build the QSAR model for radical scavenging activity (RSA) of
di(hetero)arylamines in the benzo[b]thiophene series, we used a total of 26 compounds,
belonging to 3 different classes (A, B and C), that differ in terms of position of the
(hetero)arylamino functionalization in the benzo[b]thiophene moiety (Tables 1, 2 and
3). Classes A, B and C have the amino bond in the 3, 6 and 7 positions, respectively. All
the compounds were obtained by Buchwald—Hartwig palladium-catalyzed C-N coupling
reactions. The compounds of class A were obtained coupling the ethyl 3-
bromobenzo[b]thiophene-2-carboxylate with anilines and 5-aminoindole [19].
Compounds of class B were synthesized from 6-bromo or 6-amino benzo[b]thiophenes
coupled, respectively, with substituted anilines or phenylbromides [20, 21]. Compounds
of class C were synthesised by coupling 7-bromo or 7-amino-2,3-
dimethylbenzo[b]thiophenes with methoxylated anilines and 3-aminopyridine or

substituted bromobenzenes and 2-bromopyridine, respectively [12].

2.1. DPPH antioxidant activity assay

From the 26 compounds used in this study, the RSA of 12 were already reported by us,
using the DDPH (2,2-diphenyl-1-picrylhydrazil) assay [11, 12]. The remaining 14 were
screened, using the same methodology, and the results are presented in Figure 1. The
RSA was measured as the percentage of DPPH radical inhibition. DPPH radical
scavenging activity is a standard assay in antioxidant activity studies. The DPPH assay
is very convenient for the screening of samples because it is rapid and independent of

sample polarity [22]. As the antioxidant efficiencies of the 26 compounds used in this
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study differ in several orders of magnitude, the ECsy values (concentration required to

inhibit DPPH radical formation by 50 %) were transformed into pECs values.

2.2. QSAR model

The 26 compounds were first divided in two groups: training and test set. The training
set, representing about two thirds of the total number of compounds (18 compounds),
was used to build the QSAR model. The remaining one third (8 compounds) was
assigned to the test set and used to validate the model. The division was made taking
into consideration that both sets should: (a) represent all the benzo[b]thiophene classes
used and (b) cover all the antioxidant activity scale [23, 24]. Figure 2A shows the
number of compounds assigned to the three benzo[b]thiophene classes for both training
and test set. Compounds were also divided in three groups of antioxidant activity: 1-3,
3-4 and 4-5 [15], according to pECs values (Fig. 2B).

While constructing the model, great care was taken in order to avoid inclusion of highly
collinear molecular descriptors. A pairwise correlation method was used and in the end
only 4 descriptors were selected. The correlation matrix for the molecular descriptors
used in this study is given in Table 4. The molecular descriptors finally selected were:
RDFO020e: Radial Distribution Function — 20 / weighted by atomic Sanderson
electronegativities.

RDF0245e: Radial Distribution Function — 45 / weighted by atomic Sanderson
electronegativities.

GATSS8p: Geary autocorrelation — lag 8 / weighted by atomic polarizabilities.

MATSS5v: Moran autocorrelation — lag 5 / weighted by atomic Sanderson

electronegativities.
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The QSAR model equation obtained and the statistical parameters were the following:
pECso = 0.3812 + 0.1690 RDF020e + 0.0479 RDF045¢ + 0.6129 GATS8p + 1.3840
MATSSe

N=18; R*=0.881; p<107; F=42.72; S = 0.2731;

Q’Loo = 0.844; Q*Lnmo 25%) = 0.817; Q*Lmo 500 = 0.817;

Qext = 0.843; RMSE raining sety = 0.2816; RMSE e se) = 0.2216

were N is the number of compounds used, R” is the squared correlation coefficient, p is
the significance of the model, F is the Fisher ratio, QzLoo, QzLMO (25%) and QZLMO (50%) are
the square of the leave-one-out and leave-many-out (25 % and 50 %) cross-validation,
and RMSE (iaining sety ahd RMSE (iest sety are Root Mean Squared Errors for the training and
test set, respectively.

The model was validated for its robustness and predictive power by internal Leave-One-
Out (LOO) and Leave-Many-Out (LMO) cross validation, as demonstrated by R* and Q*
values, and by external validation as demonstrated by Q% value. Also RMSEs values,
for both the training and test set, validate the model by presenting low and similar
values.

A plot of predicted pECsy versus experimental pECs value, for both the training and
test sets, is shown on Figure 3A. The agreement observed between the predicted and
experimental values confirmed the efficiency of this QSAR model. A plot of the
residuals (predicted pECsy - experimental pECsg) versus experimental pECsg, for both
the training and test sets, is also shown on Figure 3B, and a random distribution of the
residuals about zero was observed for both sets. Considering the 3 standard deviation

limit line (3S) for spotting outliers, all data were retained in the model.
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2.3. Model interpretation

Interpreting a QSAR model in terms of the specific contribution of substituents and
other molecular features to the modeled activity is always a difficult task [25]. The
standardized coefficients of each individual descriptor used in QSAR model presented
similar values (Fig. 4), indicating that they all contribute to the variation of pECsg
values. This fact and the lack of a strong intercorrelation among the descriptors (r <
0.75) (Table 4), indicate that the examination of the molecular descriptors can lead to a
better understanding of the relation between structure and antioxidant activity of the
compounds [26].

RDF020e and RDF045¢ descriptors contribute more significantly to pECs, variation as
indicated by higher standardized coefficients values (Fig. 4). The radial distribution
function (RDF) descriptors are based on the distance distribution of the compounds. The
RDF descriptors of a molecule of n atoms can be interpreted as the probability
distribution of finding an atom in a spherical Volume of radius R [27]. These 3D
descriptors suggest the occurrence of some linear dependence between the RSA of the
compounds and the 3D molecular distribution of electronegative atoms calculated at
radius of 2.0 and 4.5 A, from the geometrical center of each molecule. These radiuses
correspond to the inner part of the compounds and can be roughly assigned to the first
ring connected to the central amino group. The positive contribution of both RDF020e
and RDF045e underlines the importance of the electrostatic environment surrounding
the amino group on the overall antioxidant activity of the studied compounds. To
highlight the meaning of the RDF020e and RDF045e descriptors, Figure 5 shows an
approximate representation of the descriptors for the most (Fig. 5A) and less (Fig. 5B)

active compounds in our data set [28]. As it can be observed, the main difference is the
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presence of electronegative atoms like O and N in the inner regions of the compounds,
specifically inside 2 and 4.5 A radius. These observations are in good agreement with
the SAR (structure-activity relationship) studies described on some of these
diarylamines, in which the increase of the antioxidant activity is related to the presence
of electron-donating substituents at the benzene rings [11, 12].

The other two molecular descriptors that contribute to the QSAR model are GATS8p
and MATSS5e, and belong to the GATSd and MATSd families of 2D autocorrelation
descriptors. The 2D-autocorrelation descriptors in general explain how the values of
certain functions, at intervals equal to the lag d, are correlated. In the case of the
descriptors used, lag is the topological distance, and the atomic properties are the
functions correlated. These descriptors can be obtained by summing up the products of
certain properties of the two atoms located at a given topological distance or spatial lag
[29, 30]. There are slight differences between the 2D-autocorrelation descriptors of type
GATSd and MATSd [29, 30]; but in general, they describe how the considered property
is distributed along the topological structure. GATS8p indicates that the presence of
polarizable atoms at topological distance equal to 8 contribute positively to the
antioxidant activity. A possible polarizable atom pair at topological distance of 8 bonds
is presented for a top antioxidant activity compound C3 (Figure 6A). It is important to
note that GATS8p contribution to the antioxidant activity is always positive as its
mathematical definition implies only positive values. The topological distance 8 bonds
(Fig. 6A) is most likely to be achieved between the two rings and suggest that the
presence of polarizable atoms on both rings may give a positive contribute to the
antioxidant activity. Likewise the MASTS5e indicates that electronegative atoms at a

topological distance equal to 5 bonds contribute to the antioxidant activity. To better
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understand this molecular descriptor, a possible electronegative atom pair that positively

contributes to the antioxidant activity of C1 compound is presented on Figure 6B.

3. Conclusions

In this work the radical scavenger activity (RSA) of 26 di(hetero)arylamines derivatives
of benzo[b]thiophenes was successfully modeled through Partial Least Square
Projection to Latent Structures (PLS), using 4 molecular descriptors belonging to the
Radial Distribution Function (RDF020e and RDF045e) and 2D-autocorrelation
(GATS8p and MATSS5e) families.

The QSAR model obtained showed high correlation coefficients (QzLoo = (0.844, QZLMO
@sw = 0.817, QZLMO s0%) = 0.817 and Qzext = 0.843), and also low root mean squared
errors (RMSEiaining sety = 0.2816 and RMSEest sery = 0.2216), for both internal and
external validation, confirming the good predictive power of the model.

The RDF descriptors used relate the presence of electronegative atoms at the inner
atmosphere of the compounds to increased antioxidant activity. The 2D-autocorrelation
descriptors associate the presence of polarizable and electronegative pairs of atoms at
specific topological distance with the compound radical scavenging activity. The
presence of these electronegative and polarizable atoms possibly increases RSA of the
compounds by facilitating the hydrogen radical abstraction from the diarylamino group
as previously described [12, 21].

Finally this QSAR model proposed can be used in the prediction of the antioxidant
activity of congeneric compounds of the derivatives of benzo[b]thiophenes used in this

work in order to guide the synthesis of new compounds in our laboratory.
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4. Experimental

4.1 Data set

A total of 26 compounds belonging to three different chemical classes: 3-di-
heteroarylamine derivatives of benzo[b]thiophene (Class A: 6 compounds), 6-
diarylamine derivatives of benzo[b]thiophene (Class B: 14 compounds) and 7-di-
heteroarylamine derivatives of benzo[b]thiophene (Class C: 6 compounds), were used
in this study (Table 1, 2 and 3).

The Radical Scavenging Activity (RSA) of 12 of these compounds was previously
reported by us [11, 12]. The RSA of the remaining 14 compounds was monitored
according to the method of Hatano [32], with small modifications. Various
concentrations of methanolic compounds solutions (0.1 mL) were mixed with
methanolic solution containing DPPH (2,2-diphenyl-1-picrylhydrazil) radicals (6x107
mol/L, 0.9 mL). The mixture was shaken vigorously and left to stand in the dark until
stable absorption values were obtained (usually 60 min). The reduction of the DPPH
radical was determined by measuring the absorption at 517 nm. The RSA was
calculated as a percentage of DPPH discolouration using the equation: %RSA = [(Apppu
— As)/Apppu] x 100, where A is the absorbance of the solution when the compound has
been added at a particular concentration and ADPPH is the absorbance of the DPPH
solution. Mean values from three independent samples were calculated for each
compound and standard deviations were also obtained.

To make the RSA data homogenous and directly comparable, all RSA activity was
reported as EC50, (expressed mol/L) required to inhibit the DPPH radical by 50%.

Since the RSA varied by orders of magnitude, to guarantee the linear distribution of the

11
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dependent variable, EC50 values were transformed to log values (pEC50 = log

1/EC50).

4.2. Selection of the molecular descriptors

The 3D structure models of the 26 compounds studied were generated using Ghemical
molecular modeling software package [33] and then subject to geometry optimization,
using semi-empirical quantum-chemical method AMI [34] implemented in MOPAC 7.0
computer software [35].

A total of 1664 molecular descriptors, belonging to different descriptor families, were
calculated, for the 26 compounds, using the Dragon v5.3 computer software [18].
Descriptors with constant values were discarded. The correlations of the descriptors
with each other and with the experimental pECsy of the compounds were examined.
Only the descriptors with a linear correlation coefficient to experimental pECsy above
0.80 (r > 0.80) were retained, with 43 molecular descriptors meeting this criteria. For
the remaining descriptors, a pairwise correlation analysis was performed consisting on
the following steps: (1) starting from the descriptor with the highest correlation
coefficient to experimental pECs, in this case RDF020e (Table 4), all the remaining
molecular descriptors with a correlation coefficient with RDF020e above 0.75 (r > 0.75)
were classified as collinear and were not included in the model; (2) next the same
procedure was performed on the molecular descriptor with the highest correlation to
experimental pECs still remaining on the list, and the process was continued until
reaching the end of the list [14, 36]. All this procedure was done using Dragon v5.3
software; only 4 molecular descriptors met the criteria and were finally selected and

used to build the QSAR model (Table 4).
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4.3. Statistical methods

The selected molecular descriptors obtained by DRAGON software were used to build a
QSAR model using the Partial Least Square (PLS) [16] method implemented in
SIMCA-P+ v12 statistics software [37].

The goodness of fit of the model was evaluated using the following statistical
parameters: squared correlation coefficient (R?), standard deviation of regression (S),

significance of the model (p) and Fisher ratio value (F).

4.4 Model validation

The predictive stability and robustness of the model was first verified by internal cross-
validation calculating the following parameters: Qoo (“Leave-One-Out”; 1-
PRESS/TSS were PRESS is the Predictive Error Sum of Squares and TSS the Total
Sum of Squares), QZLMO (“Leave-Many-Out”) and RMSE (iraining sety (Root Mean Squared
Errors for the training set). In this cross validation method, one or many data points (in
this case 25 and 50 %) are removed from the set and the regression is recalculated, the
predicted values for these values are then compared to their actual value. This is
repeated until each data or data group has been omitted once [38, 39].

Using the test set, the model was further checked by external cross-validation by
calculating parameters: Qzext (External, 1-PRESS/SD) and RMSEst sety (Root Mean
Squared Errors for the test set). PRESS is defined as the sum of the squared difference
between the observed value and the predicted value for each compound in the test set,
and SD is defined as the sum of the squared deviation between the observed value and

the mean measured value of the training test [38].
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Figure 1. Scavenging activity (%) on DPPH radicals (RSA) of di(hetero)arylamines
derivatives of benzo[b]thiophenes. Each value is expressed as mean + standard

deviation.

Figure 2. Distribution of chemical classes (A) and biological activities (pECsg) (B)
versus number of di(hetero)arylamines derivatives of benzo[b]thiophenes for the

training set (black) and test set (grey) of the QSAR model.

Figure 3. Predicted versus experimental pECsy (A) and residuals versus experimental
pECso (B) for the training (®) and test set (o) of di(hetero)arylamines derivatives of
benzo[b]thiophenes used in the QSAR model.

Figure 4. Standardized coefficients and standard deviation of the descriptors used in the

QSAR model.

Figure 5. Graphical representation of RDF020e and RDF045e descriptors for B1 (A)
and B6 (B), respectively, the compounds with the highest and lowest antioxidant

activity.

Figure 6. Representation of possible polarizable atom pairs for compound C3 at

topological distance 8 (A) and for compound C1 at topological distance 5 (B).
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396

397

398

399

400

401

402

403

Table 1.  Structures and  antioxidant  activities  (pECsp)  of  3-
arylamino)benzo[b]thiophenes A class.
Rl
R2
Compound R! R’ R® Experimental Predicted  Residual

Al OCH; OCH; H 4.06 3.97 0.10
A2 OCH; OCH; COOH 3.61° 3.73 -0.12
A3? OCH; OCH; COOCH,CH3; 3.77° 3.73 0.04
A4 OH OH COOCH,CH3; 3.84° 3.42 0.42
o) H OH COOCH,CH3; 391 3.70 0.21
AB H F H 3.81° 4.18 -0.37

? test set; *[11]
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404 Table 2. Structures and antioxidant activities (pECsy) of 6-(heteroarylamino)

405  benzo[b]thiophenes B class.

406
RZ
407 =4 ‘
408 o AN
409
410
Compound R* R’ R® R* R® R® Y Experimental Predicted Residual
B1 OCH;  OCHj H H H CH; C 4.07 4.07 0.00
B2 H OCH;  OCH, H H CH; C 430° 4.50 -0.20
B3 H OCHj H CH; CH; H C 3.89 3.88 0.01
B4? H OCH; H H H CH; C 4.14° 3.86 0.27
B5 H H OCHj H H CH; C 3.38 3.53 -0.14
B6® H CHO H H H CH; C 2.39 2.68 -0.29
B7 H CN H CH; CH; H C 2.29 2.45 -0.16
B8 Br OCH;  OCH, H H CH; C 3.81 4.06 -0.25
B9 Br OCHj H CH; CH; H C 3.98 3.63 0.35
B10? Br OCHj H H H CH; C 3.69 3.61 0.08
B11 Br H H H H CH; C 3.05 2.82 0.23
B12? Br H H CH; CH; H C 2.43 2.57 -0.15
B13 I H H H H CH; C 2.91 3.10 -0.19
B14 H H H CH; CH; H N 2.10 2.52 -0.42

411 *test set; °[11]
412

413
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416

417

418

419

420

421

422

423

424

425

426

427

428

429

Table 3.  Structures and  antioxidant  activities  (pECsp) of  7-
(heteroarylamino)benzo[b]thiophenes C class.
RI
5
RE
= ’
Z N
\Y
Compound R! R’ Y Z  Experimental Predicted Residual
c1? OCH; OCH; C C 426" 4.18 0.08
C2 OCHj H C C 2.81° 3.06 -0.25
C3 H OCH; C C 4.30° 4.13 0.17
C4 CN H C C 1.84° 2.15 -0.31
C5 H H C N 2.50° 1.94 0.55
c6? H H N C 2.26 2.02 0.25

? test set; ° [12]
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430  Table 4. Correlation matrix between the experimental pECsy values and the different

431  molecular descriptors used to calculate the QSAR model.

PECso RDF020e RDFO045e GATSS8p MATSS5e
PECs 1 0.894 0.845 0.829 0.822
RDF020e 1 0.747 0.742 0.731
RDFO045e 1 0.672 0.528
GATS8p 1 0.563
MATS5e 1

432
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434

435

436

437

438

439

440

441

442

443

444

Table 5. Values of the 4 molecular descriptors used to calculate the QSAR model.

Compound RDF020e RDF045e GATSS8p MATSb5e
Al 8.961 22.084 1.635 0.009
A2 8.061 26.192 1.546 -0.155
A3 8.834 26.278 1.278 -0.135
A4 6.159 27.227 1.346 -0.098
A5 6.339 30.733 1.396 -0.056
A6 4.530 15.091 3.037 0.323
B1 9.304 28.040 1.196 0.030
B2 9.212 30.120 1.482 0.149
B3 7.351 24.758 1.008 0.327
B4 7.224 24.916 1.024 0.319
B5 7.231 20.544 1.671 -0.060
B6 6.209 17.863 0.792 -0.068
B7 4.873 20.050 0.657 -0.085
B8 9.033 22.721 1.269 0.205
B9 7.356 22.483 1.053 0.207
B10 6.727 24.650 1.064 0.190
B11 5.201 20.825 1.095 -0.078
B12 5.104 16.675 1.130 -0.117
B13 5.693 19.066 1.554 -0.079
B14 4.867 20.627 0.864 -0.147
C1 8.767 22.035 1.727 0.146
Cc2 7.186 18.211 1.123 -0.071
C3 7.161 19.728 1.872 0.326
C4 4.699 14.307 0.792 -0.145
C5 5.335 12.209 0.488 -0.162
C6 4.650 17.479 0.000 0.009
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